Objective: Alcohol use and problem drinking are associated with smoking relapse and poor smoking cessation success. User-generated content in online social networks for smoking cessation provides an opportunity to understand the challenges and treatment needs of smokers.
INTRODUCTION
Web-based smoking cessation programs play an increasingly central role in tobacco control.
They have broad reach to smokers (Pew Internet and American Life Project, 2006) , can be accessed 24/7 and in an on-demand format, and are cost effective Graham et al., 2012) and scalable Bock et al., 2008; Cobb et al., 2005) . Large-scale trials report quit rates of 18-20% at 12 months (Graham et al., 2011; Muñoz et al., 2009 ) and several meta-analyses and systematic reviews provide evidence of effectiveness (Civljak et al., 2013; Graham et al., 2016; Hutton et al., 2011; Shahab and McEwen, 2009) . A unique aspect of some web-based cessation programs is their ability to facilitate the exchange of information and support throughout the quitting process via online social networks. Participation in these forms of online social interaction have been shown to have both physical and psychological benefits (Eysenbach et al., 2004; Idriss et al., 2009; Qiu et al., 2011; Wang et al., 2014; Zhao et al., 2014) . User generated content in online social networks also provides a unique opportunity to understand the specific challenges and potential treatment needs of smokers.
Alcohol use is one topic that may be especially relevant to explore in an online network for smoking cessation (Cunningham et al., 2006; Cunningham et al., 2008) . Alcohol use is robustly associated with heavier smoking, greater nicotine dependence, lower motivation to quit (Cargill et al., 2001) , and poor smoking cessation outcomes (Hughes and Kalman, 2006; Leeman et al., 2008) .
It has also been identified as a primary trigger for smoking relapse (Kahler et al., 2010; McKee et al., 2006) . Research shows that nearly half of all smoking-related slips occur during a drinking episode, and even after a quit attempt, individuals are more likely to slip or relapse back to smoking on days in which any alcohol is consumed, compared to non-drinking days, and on heavy drinking days (Leeman, et al., 2008) . Because alcohol use is associated with relapse, tobacco cessation 4 treatment guidelines recommend that smokers consider limiting or abstaining from alcohol while quitting (Fiore et al., 2008) . Consuming alcohol is normative and routine for many smokers (Falk et al., 2006; Piasecki et al., 2011) , including those accessing online smoking cessation programs (Cunningham, et al., 2006) , making it likely that discussion of alcohol use during a quit attempt would be common in an online community for smoking cessation.
Despite the proliferation of studies investigating adherence to and outcomes of web-based smoking cessation programs, few have examined the content and structure of online social networks for cessation (Bondy and Bercovitz, 2013; Brandt et al., 2013; Burri et al., 2006; Cobb et al., 2010; Cobb et al., 2013; Myneni et al., 2013; Selby et al., 2010; van Mierlo et al., 2012; Zhang et al., 2013) , and none have focused on alcohol-related content within the network. Nicotine replacement therapy and coping with cravings are popular topics in cessation networks (Burri, et al., 2006) and requests for support in these areas are common (Zhang, et al., 2013) . Several studies have identified characteristics of key network members who act as leaders in online cessation communities, providing advice and support to others (Cobb, et al., 2010; Selby, et al., 2010; van Mierlo, et al., 2012) . These individuals generate the most posts and participate in a wide range of threads; however, they comprise only a small proportion of active members. Only one study of which we are aware has examined smoking and drinking conjointly in an online intervention. Cunningham et al (2008) found that among registered users of an online smoking cessation program, one-third of current daily smokers were problem drinkers, 44% were social drinkers, and only 22% were non-drinkers. In sum, very little is known about user-generated content related to alcohol in online communities for smoking cessation.
Most studies of sentiment and network structure in online cessation programs have relied on manual coding of only a fraction of the available social network content (Brandt, et al., 2013; Burri, et al., 2006; Zhang, et al., 2013) . Manual coding of the hundreds of thousands of exchanges that occur within online social networks is impractical. However, advanced text analytics techniques, such as supervised machine learning can allow for scalable coding of a large amount of unstructured data (Krippendorff, 2012) with relatively little human supervision. Text classification is one analytic technique that examines the content of documents (in this case users' posts) and classifies them into different categories. Text classification requires input from human domain experts at the outset to "train" the computer algorithm. For example, to decide whether a post has provided information about drinking behavior, human experts must first annotate, or code a small number of posts as providing this information, or not. The classification algorithm then extracts various features from these posts (Guo et al., 2009; Zhao, et al., 2014) , such as the appearance of certain terms in the post (wine; beer). From human annotations, the computer algorithm then "learns" which features are more predictive of the category of posts. These powerful computational social computing methods have been used to automate the analysis of social ties and sentiment in other areas of health (Chee et al., 2009; Guo, et al., 2009; Zhao et al., 2016; Zhao, et al., 2014) , but have yet to be applied broadly to online cessation programs.
This study sought to address five key research questions designed to understand the content and sentiment of alcohol-related posts in an online community for smoking cessation: 1) What is the prevalence of alcohol-related content?; 2) How common are alcohol-related posts that suggest personal experience with drinking (versus virtual celebratory "toasts" for smoking abstinence milestones or general comments about alcohol)?; 3) How common are alcohol-related posts that indicate problem drinking behavior or a user who self-identifies as currently or previously in alcohol recovery?; 4) Is the normative sentiment about drinking during a quit attempt focused on limiting alcohol consumption or on abstaining from alcohol completely (i.e., negative sentiment), 6 in alignment with tobacco dependence treatment guidelines?; and 5) Is sentiment about drinking during a quit attempt associated with social network position? That is, are those who express negative sentiment about drinking during a quit attempt more centrally connected, and thus influential within the network, or are they more likely to be users who are only peripherally connected? Our analyses blend powerful machine-learning computational methods with traditional statistical approaches to examine these questions.
METHOD

Data Source
We analyzed longitudinal data from BecomeAnEX.org (EX), a web-based smoking Dependence (Fiore, et al., 2008) . A national mass media campaign (McCausland et al., 2011) and ongoing online advertising have resulted in over 700,000 registered users since its inception. Core elements of the site include setting a quit date, tracking cigarettes and identifying smoking triggers, building a support system, and providing information about pharmacotherapy. EX also includes a large online community of current and former smokers who connect via multiple communication channels: private messages, public posts on member profile pages ("message boards"), group discussions, and blog posts. Blog posts and group discussions elicit many-to-many communications whereas message board posts and private messages elicit one-to-one communications. Communication via blogs (and comments), message boards, and threaded group discussions are all public communications that can be accessed by all EX users; private messages occur only between two users.
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The dataset used in the current study spanned January 1, 2012 to May 31, 2015 and included records of 814,258 online activities by 9,377 users, including both posting and reading events. This time period was selected due to the community's migration from a different platform prior to this period, which resulted in a slightly different user experience. Our analyses focus on this time frame given the stability of the social network feature set. The content of private messages was not included in the dataset to protect privacy. The study protocol for these analyses was reviewed and approved by Chesapeake Institutional Review Board (protocol #00010302).
Data Reduction -Text Classification
Manual Annotation: We recruited three long-standing members of the EX community to serve as domain experts to first manually annotate (i.e., code) a sub-set of posts, which would later be used for machine-learning coding. Two experts in alcohol and smoking cessation research worked closely with the domain experts to develop and refine an annotation/coding guide based on the key research questions we sought to address. For the first step to creating an annotation guide, we generated a list of alcohol-related keywords (e.g., drink, alcohol, beer; Appendix 1) and searched for these keywords in all public posts using an automated search process. We retrieved "cessation program" would be two possible bigrams in a post containing the phrase "smoking cessation program." TF-IDF score is a numeric value that is the product of term frequency, which 9 measures how frequently a term appears in a single post, and inverse document frequency, which measures how rare a phrase is across all posts (Manning et al., 2008) .
Next, we evaluated the performance of various classification algorithms on different combinations of feature sets (unigram, bigram, or TF-IDF scores) using standard 10-fold cross validation (Picard and Cook, 1984) . This form of validation uses 90% of the posts to train a classifier, and the remaining 10% to test the classifier's performance. The validation and training sets were rotated in 10 different trials. The performance of the different classification algorithms on each of the four content domain questions was evaluated using accuracy, F1 score, and AUC.
Accuracy is the percentage of posts whose labels were predicted correctly by the classifier. F1 score is also an accuracy measure defined as If no algorithm dominated others on all three metrics, the best-performing algorithm with the highest AUC was used, as AUC is more robust against skewed prior distributions (Gao et al., 2007) . Finally, the best performing classifier algorithms was applied to 17,697 posts (19,547 minus1,850) that contained alcohol-related keyword(s), but were not annotated, and a label of Yes or No was given to each post for each of the four content domains.
Data Reduction -Social Network Variables
A user's social network position in the EX community was calculated by examining each user's reading and posting behaviors and constructing a social network metric based on the flow of information either "toward" or "away" from that user. In this approach, each node represents a user: a directed tie from user A to user B indicates that a post or message published by user A was accessed by user B. One way to measure how central or important an individual is within such a social network is to use in-degree and out-degree centralities (Krippendorff, 2012) . In-degree reflects the total number of EX members a user has been exposed to by reading their posts; outdegree reflects the total number of EX members who have read the content posted by a user (Zhao, et al., 2016) . Higher values for in/out-degree reflect greater centrality in the social network.
Data Analysis
We first examined the accuracy of algorithms and results of machine learning coding of the four content domains. Next we calculated the frequency and prevalence of any posts containing alcohol-related content (CD1), and alcohol-related content that mentioned personal experience with drinking (CD2) or problem drinking (CD3), and negative sentiment about drinking in the context of a quit attempt (CD4). Univariate analysis of variance (ANOVA) tests were then conducted to examine whether expressing negative sentiment about drinking (yes/no) was associated with higher or lower levels of network connectivity, as measured by in-degree and outdegree centralities (dependent variables). To meet model assumptions, dependent variables were evaluated for non-normality and both square root and logarithmic transformations were examined to correct for skewness of data. The log transformation best minimized skewness for both in-degree and out-degree, and was used in analyses below.
RESULTS
Machine Learning Classification
Classifier performance is reported in Table 1 . Standard classification schemes worked well for CD1 and CD2 classifiers, as evidenced by their satisfactory performance as measured by accuracy, F1 score and AUC. However, for CD3 and CD4, posts with positive labels ("yes") were rare (3.30% for CD3 and 13.46% for CD4 among annotated posts). For these two classification tasks, standard classification schemes were characterized by low recall for the positive ("yes") labels, as well as low AUC, even though the overall accuracy rates were higher than 85%. To improve CD3 and CD4 classifiers for the positive labels, we also adopted under-sampling techniques for CD3 and CD4 to mitigate the effect of low prior probabilities. Under-sampling the negative label can generate a training dataset that is more balanced between both positive ("yes") and negative ("no") labels, so that a classifier can better learn differences between the two. In addition, for CD3, we found that using a list of high frequency keywords and phrases (Appendix 2) improved performance beyond using all words and phrases (i.e., unigrams). For CD4, because the focus was on sentiment towards alcohol use -instead of the sentiment of the whole post -we leveraged a popular method for aspect-based sentiment analysis (Feldman, 2013) . We weighted unigrams by their distance to alcohol-related keywords in a post, assuming that words appearing closer to these keywords in texts contribute more to the author's sentiment towards alcohol use.
With these modifications to standard text classification schemes, we were able to improve the performance of CD3 and CD4 classifiers. Overall, all classifiers achieved satisfactory performance with over 0.80 for all three performance metrics.
Research Question 1
After applying the four classifiers to all 17,697 unannotated posts with at least one alcoholrelated keyword (i.e., drink), our CD1 classifier identified 6,527 posts that were correctly related to alcohol use (i.e, drink alcohol). Adding the 672 posts that were annotated as "positive" for alcohol content by domain experts, we found a total of n = 7,199 alcohol-related posts (6,527 plus 672). The final number of posts that contained alcohol-related content (n = 7,199) differed from the number of posts that contained all possible mentions of alcohol keywords (n = 19,547) because some "mentions" were not related to alcohol. For example, while the word "drink" was an alcohol key word, posts that had the word "drink" were dropped from the final dataset if they referred to drinking coffee, drinking water, soda, or any other non-alcoholic beverage. Alcohol-related posts represented just under 1% of all posts made during the study period (ntotal = 814,258 posts). The alcohol-related posts were made by 13% of users (ntotal = 9,377 users) who made any post in the community during the study period.
Research Questions 2 and 3
Among the alcohol-related posts, 33.02% (n = 2,377) described a personal experience with drinking (e.g.
, "I drank a lot of beer Sunday night, stayed up late & smoked double the cigarettes I usually smoke"; "I'm also making a goal to not drink until I'm completely confident that I will not smoke!!!").
Among the alcohol-related posts, only 3.65% (n = 263) were identified as being related to problem drinking. (e.g., I am going to go to an AA meeting today"; "I'm drinking way too much and blacking out.")
Research Question 4
Among all alcohol-related posts, 33.07% (n = 2,381) expressed negative sentiment about drinking alcohol when quitting smoking; that is, the user focused on limiting or abstaining from drinking alcohol completely during a quit attempt (e.g., "No more drinking for a good while, as that's a huge trigger"; "I absolutely promise you that drinking alcohol at this early stage of your quit especially when you are struggling is self-sabotage"). Alcohol-related posts indicating negative sentiment were roughly equally distributed across three the sub-networks, with 33% occurring in blog posts, 31% in message boards, and 31% in group discussions.
Research Question 5
For the final research questions, we were interested in examining whether users who posted negative sentiment about alcohol use during a quit attempt were more likely to be highly connected and active users on the website compared to users who did not post negative sentiment about alcohol. If highly connected users regard drinking alcohol as an obstacle to quit success and communicate this to others on the website, this would suggest a possible mechanism for "spreading" information about alcohol's negative effects on cessation success in future interventions.
The EX social network during the study period included 2.58 million ties, and 71,251 nodes with at least one tie. 
DISCUSSION
Our analyses showed that alcohol-related content was present in 1% of all posts, and made by 13% of all contributing users. A third of the alcohol-related posts described personal experience with drinking, while only 3% indicated some level of past or current problem drinking behavior by the user. The majority of posts did not express negative sentiment about drinking alcohol during a quit attempt. However, users who did express negative sentiment about drinking during a quit attempt were more highly connected to others in the network, with roughly double the number of network ties compared to those who did not express negative sentiment.
It was surprising that alcohol-related content was so rare. Research shows about a quarter to a third of smokers enrolling in smoking cessation trials (Fridberg et al., 2014; Leeman, et al., 14 2008; O'Malley et al., 2009) or calling a state quit line report moderate to hazardous drinking behavior (Toll et al., 2012) . It is possible that members of an online smoking cessation community are reluctant to discuss the topic of alcohol, especially if they perceive that alcohol is not commonly discussed in the community or that users, particularly more influential ones, hold negative sentiment about drinking and may disparage or judge users for relapsing because of a drink. Alternatively, smokers who are concurrent problem drinkers may be seeking other, more intensive forms of cessation treatment and may not be represented in an online cessation program.
Our findings are somewhat consistent with other work of alcohol-related posts on Twitter. For example, one study by West al (2006) found that less than 1% of Twitter posts culled over a 36-day period indicated problem drinking behavior, while another study found that 7.8% of Twitter posts culled over a similar time frame indicated alcohol-related content using a select set of five alcohol-related keywords ("alcohol", "beer", "liquor," "vodka," and "hangover") (Cavazos-Rehg et al., 2015) . It is important to note that these studies differed from ours in that they focused on a select group of alcohol-related keywords and coded posts over a much shorter time frame.
The low prevalence of negative sentiment about drinking alcohol during a quit attempt was also surprising, especially because this is at odds with the tobacco dependence treatment guidelines that encourage smokers to avoid or eliminate smoking triggers, including alcohol (Fiore, et al., 2008) . However, our result is consistent with analysis of alcohol-related posts on Twitter, where anti-alcohol tweets were found to be much less common than pro-alcohol tweets (Cavazos-Rehg, et al., 2015) . Given that users who did express negative sentiment about drinking were more likely to be centrally connected in the network, we may also presume that they are more likely to be abstinent from smoking (Cobb, et al., 2010) . If this is indeed the case, the higher prevalence of negative sentiment among well-connected users may reflect that those users are confident ex-smokers who see any alcohol use as a threat to the success of one's quitting and are able to see the clear benefits of abstaining from alcohol completely during the quit smoking process. Because any level of drinking increases the risk for smoking relapse, especially problem drinking (Dawson, 2000; Leeman, et al., 2008) , it is important to augment user-generated content with didactic "expert-generated" information that adequately addresses the links between smoking and drinking.
The role of the Community Administrator could be leveraged to seed discussions about the risks of drinking alcohol and encourage users to share their experiences with managing alcohol during their quit attempt. Further, it may be useful to prominently feature content about alcohol to make more apparent the challenges about drinking, particularly so that less well-connected users can make an informed decision about whether or when to drink.
This study had several limitations. First, machine text classifiers achieved satisfactory but not perfect accuracy. This could be due the type of qualitative data being extracted, which was highly nuanced even for domain experts. It is possible that we were unable to code all possible posts referencing alcohol use, particularly if the wording used in the post was highly nuanced or colloquial (i.e., "tossing a few back at happy hour"). Second, annotations for CD4 focused only on negative sentiment about drinking during a cessation attempt and did not code for positive or neutral sentiment. We were specifically interested in the extent to which user-generated content aligned with tobacco treatment guidelines (i.e., expressed negative sentiment that alcohol should content. Finally, data on user characteristics were not available so we are unable to characterize the individuals included in these analyses. The goal of our paper was to understand the extent to which alcohol was present in user-generated content rather than identifying the individual characteristics of those who posted about alcohol use. This is an important topic for future research.
This study adds to the literature in several ways. This is the first and largest study that has mined the prevalence and sentiment of alcohol-related content in an online smoking cessation program. At an aggregated level, prior studies have examined associations between mental health status or psychological distress with adherence to online smoking cessation programs and characteristics associated with users (Lukowski et al., 2015; Talati et al., 2016; Vickerman et al., 2015) . Second, this study used machine learning for text classification as an innovative and novel approach to study alcohol-related conversations at a scale that is not possible with manual coding (Krippendorff, 2012) . Such scalability on large-scale dataset reduces sampling bias and enables analyses at both the community and individual level. Third, this work is consistent with SAMHSA initiatives to integrate substance use and tobacco dependence treatments (Santhosh et al., 2014) , and priorities of the NIH Collaborative Research on Addictions to understand factors associated with addiction comorbidities through multidisciplinary work (National Institutes of Health, 2016).
Our findings provide an important foundation for understanding the interplay between smoking and alcohol use among members of an online smoking cessation program, and identifying potential touchpoints for intervention.
CONCLUSIONS
This study breaks new ground as the first exploration of alcohol-related content in an online social network for smoking cessation. We have blended social network analyses with rigorous methods in machine learning to focus on alcohol use as an important comorbidity of tobacco dependence. Our analyses provide a methodological framework that could be applied to other important topics related to smoking cessation (e.g., use of pharmacotherapy or other nicotine products). Our overarching goal is to build a rich understanding of the individual, interpersonal, and network level influences on tobacco use behavior that may be amenable to intervention. Our findings underscore the notion that individuals who are centrally connected in a social network can play an important role in the spread of information. With the evolution of Web 2.0 technologies and the increasingly customizable array of communication channels, our findings lay important groundwork for exploring ways to better address the comorbid use of alcohol and tobacco. 
